Insect herbivory is pervasive in plant communities, but its impact on microbial plant colonizers is not well-studied in natural systems. By calibrating sequencing-based bacterial detection to absolute bacterial load, we find that the within-host abundance of most leaf microbiome (phyllosphere) taxa colonizing a native forb is amplified within leaves impacted by insect herbivory. Herbivore-associated bacterial amplification reflects community-wide compositional shifts towards lower ecological diversity, but the extent and direction of such compositional shifts can be interpreted only by quantifying absolute abundance. Experimentally eliciting anti-herbivore defenses reshaped within-host fitness ranks among Pseudomonas spp. field isolates and amplified a subset of putative P. syringae phytopathogens in a manner causally consistent with observed field-scale patterns. Herbivore damage was inversely correlated with plant reproductive success and was highly clustered across plants, which predicts tight co-clustering with putative phytopathogens across hosts. Insect herbivory may thus drive the epidemiology of plant-infecting bacteria as well as the structure of a native plant microbiome by generating variation in within-host bacterial fitness at multiple phylogenetic and spatial scales. This study emphasizes that "non-focal" biotic interactions between hosts and other organisms in their ecological settings can be crucial drivers of the population and community dynamics of host-associated microbiomes.
taxon-specific 145 We then capitalized on the high taxonomic resolution and sampling depth afforded by amplicon sequencing 146 to examine shifts in abundance and distribution of diverse bacteria within the bittercress leaf microbiome. 147 Within-host density of bacterial bASVs from several bacterial families was elevated in herbivore-damaged 148 leaves compared to undamaged leaves (Fig. 1) . For most families, the relative increase in within-host 149 density with herbivory was greater at site NP than at site EL (Fig. 1b ), but this was largely because 150 several taxa showed lower baseline loads in undamaged leaves at site NP compared to site EL (Fig. S6a) . 151 In contrast, bacterial loads for all families were similar for damaged leaves at both site ( Fig. S6a,b) . 152 Pseudomonadaceae was the most abundant taxon across all leaves and also showed the greatest fold 153 increase under herbivory ( Fig. 1 ).
154
Several family-level γ models showed support for bASV-level differences in intercept and slope values 155 (Table S2) , including Pseudomonadaceae and Sphingomonadaceae. Two individual bASVs in particular 156 drove family-level patterns in these clades ( Fig. S7 ), which together comprised ∼ 20% of all sequencing 157 reads across the two sample sets. Within the Pseudomonadaceae, Pseudomonas3 was the most abundant 158 bASV, which falls within the putatively phytopathogenic P. syringae clade ( Fig. S8 ). We previously 159 showed that P. syringae strains can be pathogenic, induce chlorosis, and reduce leaf photosynthetic 160 function in bittercress 20 . Thus, a major component of the signal of elevated bacterial load in the presence 161 of insect herbivory comes from putatively phyopathogenic genotypes within the group P. syringae.
162

Compositional shifts in leaf bacterial communities under herbivory 163
When the absolute bacterial abundance patterns described above were analyzed in a compositional 164 framework, we detected differences in overall community structure and ecological diversity between 165 damaged and undamaged leaves. Specifically, we found lower evenness (J ; Fig. 2b ) in damaged leaves, terms of Shannon-Jensen divergence (i.e., β-diversity) between damaged versus un-damaged leaves ( Fig.  2c ), indicating that amplification of bacteria in herbivore-damaged leaves can produce community-wide resulting in 2.5-5 additional doublings of two phylogenetically distinct P. syringae isolates (20A and 02A; Table S3 ). Increased within-host density of these two strains can account for differences in total genotype and age shape the leaf and root microbiomes of a wild perennial plant. Nat Commun, 7:
profiling links gut community variation to microbial load. Nature, 551(7681):507-511, 11 2017. doi: sequencing data, in terms of host-versus bacteria-derived 16S reads, may provide information about the underlying 469 density of bacteria. This occurs, we reasoned, because DNA templates of the two sources compete as targets during 470 the amplification reaction, and biases towards one or the other will accrue exponentially. By this logic, the 471 logarithm of the relative abundance of bacteria-to-host 16S counts captures information about the density of 472 bacterial cells in the starting material. Accordingly, for each sample, we calculated the following estimator We then estimated the slope and intercept of the relationship between observed log 10 CFU g -1 leaf tissue (hereafter log CFU) and the predictor variable γ for this sample set using a Bayesian linear regression, which allowed us to directly incorporate uncertainty in model fit into downstream analyses. We found a clear positive association between γ and log CFU, validating our usage of γ as an estimator of absolute bacterial abundance in leaf tissues.
We then deployed the validated estimator to test whether bacterial abundance as measured by γ was elevated in insect-damaged plant tissues. To begin, we modeled how γ varied across herbivore-damaged and undamaged leaves for various bacterial taxa. The illustrating example on the right shows that the distributions of γ calculated for all bacteria are elevated in herbivore-damaged bittercress tissues sampled from both sites EL and NP.
Finally, we used posterior draws of parameters from the Step 2 model to predict how variation in γ translates into predicted bacterial load as expressed in log CFU. To the right, we can see that elevated γ in herbivore-damaged tissues translates into higher bacterial loads when predicted based on the relationship between γ and log CFU. Further details on how we specified and estimated models, as well as how we incorporated parameter uncertainty throughout this approach, can be found in Methods: Quantifying & modeling bacterial abundance patterns. site:
herbivore damage
Step 2: Quantify relationship between 16S data and bacterial load.
Step 1: Collect paired tissue samples and count bacteria independently.
Step 3: Model relationship between γ and herbivore damage.
Step 4: Transform results for γ into predicted bacterial load. Patch-level herbivory (and thus co-infection intensity) is associated with decreased fruit-set in this native plant population. Plotted are raw fruit-set data summed at the patch level (n = 16 stems per patch), with marginal effects slope (and its 95% credible interval) plotted after accounting for average plant height (see Table S4 ).
